Until recently, soybean [Glycine max (L.) Merr.] fi elds were oft en seeded at a single rate. Advances in GPS and variable rate technology (VRT) are allowing growers to use variable rate planting prescriptions to optimize yields and input costs. Th is study was conducted to fi nd the key predictors for characterizing soybean seed yield from commonly collected precision agriculture data layers. Research was conducted in 11 unique fi elds both in 2013 and 2014 in Wisconsin and all 22 site-years were following corn [Zea mays (L.)].
O ne of the main challenges currently facing agriculture is the need for increased production on a limited amount of land. Precision agriculture is one of many strategies with which growers are able to try to overcome these issues by using data collected in the fi eld to make informed management decisions. Until recently, soybean fi elds were generally seeded at a single rate. Most seeding equipment used a fi xed metering system and operators were unable to freely change seeding rates while moving across the fi eld. However, advances in both GPS accuracy and VRT on commercial equipment have enabled farmers to use precision farming practices to change seeding rates automatically from a computer-based prescription (Hoeft et al., 2000) . As soybean seed prices continue to increase (USDA-ERS, 2014), growers are looking for ways to optimize seeding rates across their fi elds (Hoeft et al., 2000) . For years, many growers have also been collecting spatial data for their fi elds including yield, elevation, and soils data. However, Lambert et al. (2004) reported advances in site-specifi c recommendations and application methods far outpaced those in GIS data analysis. Growers and researchers alike feel there is an abundance of raw data but a shortage of methods and knowledge on how to use the data from these precision operations to optimize yields and input costs (Bullock et al., 2007) .
Th e increased use of precision-based technologies allows growers access to new research systems which can help them make current and future management decisions Fleming et al., 2000; Mueller et al., 2001; Bullock, 2002a,2002b; Kaspar et al., 2003; Kravchenko et al., 2005; Hornung et al., 2006) . Th e infl uence of soil physical and chemical parameters on crop yields is relatively predictable (Miller et al., 1988; Sudduth et al., 1996; Moran et al., 1997; Machado et al., 2000) which make layers such as topsoil depth, primary nutrients, and soil texture potentially useful for yield data analysis. Additional mapped information can be extremely useful as well such as elevation . Th e GPS receivers accurate within a decimeter are necessary when recording this data and are becoming more common on farms as their costs decrease and area of coverage increases (Grisso et al., 2009a) . Growers will
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Using Random Forest Analysis continue to increase use of these technologies due to increased awareness of the benefits (Robertson et al., 2012) as well as increased adoption from major equipment manufacturers. However, many growers and their advisers are facing the obstacle of which predictor variables within the data sets are useful when creating VRT soybean seeding prescriptions. Minimal research has been conducted at a landscape scale to identify the factors influencing soybean seed yields. Jiang and Thelen (2004) found very fine sand content, slope, elevation, and soil pH were among the important factors in determining yield at two sites in a corn-soybean rotation in Michigan. Elevation was also found to be an important feature in Illinois and Indiana corn and soybean fields (Kravchenko and Bullock, 2000) . The inherent lack of independence between numerous variables in these data renders most classical statistical methods unusable due to their assumptions. Linear regression methods require very little multicollinearity and no auto-correlation (Draper and Smith, 1998) , both of which are violated by nearly all field-scale recorded data. However, the random forest process developed by Breiman (2001) allows for accurate analysis of these large, complex data sets (Hastie et al., 2009 ). Random forest is also preferred due to its good predictive performance, ability to process both continuous and categorical variables, and tendency to not over-fit the data (Díaz-Uriarte and Alvarez de Andrés, 2006; Hastie et al., 2009) . Also, random forests are often quite accurate with numerous types of data (Hastie et al., 2009 ) and able to reduce bias (Breiman, 2001) . As researchers move to analyzing similar data sets in scale and scope; these methods may also be beneficial.
This research was conducted in commercial fields spread across the main soybean growing regions of Wisconsin. Our objective was to identify the key measurable predictors for characterizing soybean yield from commonly collected precision agriculture data layers.
MATERIALS AND METHODS
Field Experiment Field trials were conducted at 11 sites in 2013 and 11 different sites in 2014, for a total of 22 unique site-years across Wisconsin (Fig. 1) . Site-specific information and soil characteristics for the fields can be found in Table 1 . Fields varied in size from 10.2 to 81.9 ha in 2013 and 14.7 to 33.3 ha in 2014. Soybean followed corn at all sites; corn was harvested for grain, not silage, in all cases. Fertility management followed the University of Wisconsin-Madison recommendations (Laboski and Peters, 2012) . Herbicide, insecticide, and fungicide applications at each site were also implemented according to University of Wisconsin-Madison best management practices (Davis et al., 2014) . Weather data were acquired from statewide weather stations operated by the National Climatic Data Center (National Climatic Data Center, 2015) . Weather stations were between 26 to 57 km from the sites which was deemed adequate since climate modeling was not performed. The monthly departures from the statewide averages for temperature and precipitation during the 2013 and 2014 growing seasons are shown in Fig. 2 and 3 , respectively.
Seeding rate prescriptions containing three unique rates were created before planting for each site. The medium seeding rate was equivalent to the single rate each individual grower would have used in the field without VRT capabilities, and the high and low rates were targeted at ±30% from the medium rate (Table 1) . The lowest seeding rate in any single field was 247,100 seeds ha -1 and the highest rate used was 494,200 seeds ha -1 with an average 368,403 seeds ha -1 across all sites. Fields were divided into strips of similar size and the strips were aligned so they were not parallel to either the orientation of the dominant soil types or direction of travel of the planter. The high, medium, and low seeding rates were randomly assigned to these strips which were 61 to 150 m wide depending on overall field size (Fig. 4) . In 2013, two of the smallest sites had one replication of seeding rates, whereas the remaining nine fields had two replications of each rate. In 2014, all sites had two replications of each of the three seeding rates. The VRT prescriptions were uploaded into the planter monitors and the fields were mechanically seeded by the growers in 38, 51, or 76 cm row widths depending on each grower's existing equipment. All sites were planted during the month of May when conditions allowed. Eight of the 10 soybean varieties used in this study were resistant to glyphosate [N-(phosphonomethyl) (Fehr and Caviness, 1977) at 460 total georeferenced points using an offset-grid pattern to verify the variable rate prescription was applied correctly. A Geo XH GeoExplorer 2008 Series (Trimble Navigation Limited, 2008) handheld GPS unit with Wide Area Augmentation System (WAAS) correction was used to locate the measurement points within the off-set grid. Actual as-planted data from the planter monitors were obtained to also corroborate the accuracy of the variable rate seeding equipment. Alongside the emerged plant counts, soil samples were taken at each of the grid points and analyzed to measure soil pH, organic matter, P, and K. The procedures used by the University of Wisconsin Soil and Plant Analysis Laboratory (Madison, WI) for soil analyses were pH in water, organic matter loss on ignition, and P and K extracted with Bray-P1 and the concentration measured colorimetrically. Each soil sample at each grid point consisted of 12 composited cores to a depth of 15 cm with a diameter of 1.9 cm taken randomly within a 15 m radius around the grid point. Digital soil survey data was obtained from the SSURGO database (Soil Survey Staff, Natural Resources Conservation Service, USDA, 2015). The ranking for each soil type from the National Commodity Crop Productivity Index (NCCPI), a crop productivity index soil rating for unirrigated conditions, was also obtained from the SSURGO database (Dobos et al., 2012) . Yield data and elevation were recorded by the growers' GPS-equipped yield monitoring systems on their respective commercial harvesters and tractors. Vertical error with these real-time kinematic or dual frequency systems is generally ±13 cm or less and elevation data was used from the machine with the highest accuracy receiver in each field. Yield monitoring systems were properly calibrated for soybean seed yield and moisture before harvesting each site (Shearer et al., 1999; Grisso et al., 2009b) . The yield data were adjusted to moisture content of 130 g kg -1 . Yield maps were filtered to discard outliers and incorrect data points as outlined by Wiebold et al. (2003) . All point maps from soil sampling and grain harvest were converted to 18 by 18 m grids using inverse distance weighting in the ArcGIS Spatial Analyst v10.2 (ESRI, 2013) tool set and combined into one layer using the Spatial Join analysis. Soil survey data were merged into the data sets with the Union analysis in ArcGIS to preserve the unique polygon shapes in each data set.
Statistical Analysis
Soybean seed yield was considered the primary response variable during statistical analysis due to its importance to soybean growers. Raw planting and yield data were processed by Spatial Management System (Ag Leader Technology, Inc., 2014) and ArcMap (ESRI, 2013) . The predictors measured and tested against the yield data were elevation, depth of uppermost soil horizon, soil available water supply from 0 to 100 cm, soil available water supply from 0 to 150 cm, soil map unit, seeding rate, slope, soil pH, K, P, and organic matter. Soil map unit is determined by soil type, slope, and erodibility (Soil Survey Staff, Natural Resources Conservation Service, USDA, 2015).
The NCCPI values were also used for sites with complete data coverage; those excluded include Green Lake 1 and Green Lake 2 in 2013, and Green Lake 3, Green Lake 4, and Dodge 2 in 2014 due to missing values for certain soil types. Data analysis and graphing were performed using the R statistical environment (R Core Team, 2013) . Using the random forest analyses, predictor variables for yield were ranked in importance on an individual field level as well as the pooled data sets (Breiman, 2001 ) with the package "randomForest" (Liaw and Wiener, 2002) . The data were randomly divided into training and testing sets repeatedly for nested cross-validation analyses using the "rfcv" function, which determined a cutoff point in the rankings, above which included only the most important set of variables useful for predicting soybean yield. That subset of most important variables was then used exclusively in creating a final decision tree to allow for soybean yield predictions with the packages "rpart" (Therneau et al., 2014) and "rpart.plot" (Milborrow, 2014) . Each decision tree begins with a root node containing the entire data set which is analyzed and split by the single predictor value resulting in the greatest reduction in data variability within each of the two descendant nodes (Breiman et al., 1984) . This process of node splitting continues until parent nodes can no longer be split or the node contains <1% of the total data. The terminal nodes are then analyzed and merged with adjacent nodes to reduce overall model complexity without greatly increasing classification error (Breiman et al., 1984) .
Simple linear regression was used to compare NCCPI data (where available) with soybean yield. Quantile regression was used to test for specific trends in effects of seeding rate across yield ranges for each field (Koenker and Bassett, 1978) . This process runs individual regression analyses at 5% increments from the fifth percentile to the 95th to compare those specific points with the overall regression results and discern any differences within each data set by using the package "quantreg" (Koenker, 2015) .
RESULTS AND DISCUSSION
Weather
Monthly statewide temperatures ranged from 0 to 3.7°C below the statewide average from March through July and Fig. 4 . Site map from a single field location. The round black dots are the center of soil sampling grids and shaded polygons signify seeding rate zones with each shade one of the three rates (low, medium, and high). The row direction arrow depicts the direction of the planted soybean rows.
then finished the growing season slightly above average in 2013 (Fig. 2) . The temperatures in 2014 were not as consistent with June 0.9°C above average and July 1.8°C below average across Wisconsin. April, May, and June average rainfall totals for Wisconsin were considerably above average in 2013 which led to planting timings slightly later than normal as well as more difficult emergence conditions for many of the soybean fields (Fig. 3) . Conversely, statewide 2013 precipitation totals for July, August, and September were well below average, giving rise to a wide range of yields in many fields with visible plant stress in certain locations. The 2014 growing season had rainfall levels well above average in April (+5.4 cm) and June (+6.3 cm) and below average rainfall in July (-3.8 cm) but was otherwise similar to the state-wide averages regarding monthly precipitation.
Grain yield
The average soybean seed yield for the 2013 pooled dataset was 3522 kg ha -1 with field averages ranging from 2508 to 4560 kg ha -1 . The average yield for the 2014 pooled dataset was 3728 kg ha -1 with field averages ranging from 2048 to 4613 kg ha -1 . The state average soybean yields in Wisconsin for 2013 and 2014 were 2620 and 2956 kg ha -1 , respectively (USDA-NASS, 2014) making a majority of these sites average to above average when comparing seed yields to the state averages.
Predictor Variable Importance and yield Prediction: Pooled Data In 2013, the parameter with the highest prediction value for the pooled data, as determined by random forest analyses, was soil map unit followed by soil P, soil organic matter, soil available water supply from 0 to 100 cm, soil K, elevation, and soil pH in order of importance (Table 2 ). The top seven variables were most useful in predicting yield as determined by cross-validation. Given the lack of precipitation during much of reproductive growth, it is not surprising to see both soil available water supply and soil organic matter among the most important predictors. Complete NCCPI data were available for 9 of 11 sites in 2013, and the same set of seven predictors (soil map unit, soil P, soil organic matter, soil available water supply from 0 to 100 cm, soil K, elevation, and soil pH) were determined most important. The NCCPI was the next most important predictor but did not meet the cross-validation threshold.
In 2014, random forest analyses again revealed soil map unit as the most important predictor variable, but was followed by, in order of importance, soil P, elevation, soil K, and soil organic matter (Table 2) . Cross-validation determined the top five predictors were most useful in predicting soybean yields in the pooled dataset. Pooled data was also analyzed for the 8 of 11 sites in 2014 containing complete NCCPI data and the same five most important predictors were determined as the full pooled data analysis. Seeding rate was not considered an important variable for predicting soybean yield in either of the pooled data sets as it was below the cross-validation cutoff point in both growing seasons. Only the predictors deemed critical above the baseline threshold by the cross-validation processes were used in creating the final decision tree models for yield predictions. Soil map unit was the predictor variable used to split four out of the five total nodes in the pooled 2013 final decision tree with soil organic matter the only other factor used for predicting yields. The pooled 2014 final decision tree has soil map unit as the splitting factor at all five nodes. The overwhelming dominance of soil map unit in the above results suggest the relative importance of soil map unit when compared to the other variables for predicting yields in the pooled datasets. There were a total of 31 soil types present at the sites in 2013 and 39 soil types in 2014. A majority of the soils in the study were alfisols with a history of past glaciation. However, further examination revealed many differences between soil series including soils resulting from moraines or drumlins, unglaciated soils derived from loess, and loamy or silty soils on lake and outwash plains for example (Soil Survey Staff, Natural Resources Conservation Service, . This wide range in soils is most likely one of the main reasons soil map unit was the most important predictor variable across the state in both 2013 and 2014. Data was not pooled across years due to the climate differences experienced in 2013 and 2014 in regard to soybean production.
Predictor Variable Importance and yield Prediction: Individual Fields
The results from random forest and decision tree processes for individual fields were in general, quite different compared to the pooled dataset from the same growing season ( Table 2) . The predictor variable rankings were averaged and elevation was the most important factor for determining soybean yield in both 2013 and 2014 which agrees with Kravchenko and Bullock (2000) . The soil sampling predictors of soil organic matter, K, P, and pH make up the remainder of the top five in 2013. The exact same factors are present in the 2014 highest parameter rankings but were soil pH, K, organic matter, and P, in order of importance for ranking two through five. Soil map unit dropped to an average ranking of sixth for both 2013 and 2014 individual field analyses. This is a fairly promising result given the fact that all four above soil sampling-based factors (soil pH, K, organic matter, and P) can be influenced by the grower to at least some extent over time by implementing changes in their management practices. Elevation, on the other hand, is a relatively easy variable to measure and record, but it is not as simple to interpret its effect on soybean seed yield. For example, elevation was clearly the highest ranking parameter in predicting soybean yield in 2013 for the Lafayette 2 and Rock 1 fields. However, the two fields exhibited opposite relationships between yield and elevation with the Lafayette 2 field showing a positive relationship and Rock 1 a negative relationship between the two variables (data not shown). Elevation is also often related to many other factors such as erosion history, soil texture, and past soil deposition or loss for example. The top predictor variables should be treated as the first priority for growers looking to optimize soybean yields. Once those have been addressed, such as pH, P, and K, then the other factors such as seeding rate can be useful for further soybean production improvements. This highlights the continuing need for local knowledge transfer between growers and agronomists to identify the relationships and the effect on yield each of the predictors has for a given site.
Due to their importance from the above results and potential for adjustment by growers, soil organic matter, P, K, and pH results were further analyzed. Results were compiled from the individual field final decision trees used in making yield predictions. Across all sites and years, soil organic matter was the most common splitting factor within the decision trees of the four predictors with a minimum value of 1.6% and maximum of 3.9% Soil K was the next most common splitting factor of the four and had minimum and maximum values of 78 and 163 mg kg -1 , respectively. Soil P and soil pH had splitting factors ranging from 25 to 61 mg kg -1 and 6.2 to 7.1, respectively. In nearly all cases, areas of the fields with measured values higher than the above splitting factor values had increased yields compared to the areas with values lower than the splitting factor. The main exception was in the Columbia 3 field, where decreased yields were realized in areas above 66 mg kg -1 soil P. The NCCPI was not an important factor in any single-field analysis which mirrors the drop in importance of other soil survey related predictor variables on a local scale due to lack of within site variability. Therefore, NCCPI should be used with caution if it is necessary at all for further analysis in Wisconsin, although it may be useful for work on a broader scale. Seeding rate was also not an important variable overall for determining soybean yield in individual fields. No fields in 2013 had seeding rate as an important predictor and Dodge 2 was the only field in 2014 where it was deemed important.
National Commodity Crop Productivity Index
The NCCPI showed little correlation to soybean yield from simple linear regression analyses in either 2013 or 2014 (data not shown). The R 2 values ranged from 0.011 to 0.220 with an average of 0.152 for all 22 sites. Due to the lack of importance of NCCPI in the random forest analyses and lack of correlation to yield in the regression analyses, it is currently not recommended for use by soybean growers in Wisconsin. NCCPI v2.0 was the latest version available during the study. Future changes to the index would need to be taken into account and may improve its relationship with soybean yield in Wisconsin.
Quantile Regression of Seeding Rate and yield
Overall, the quantile regression results were similar to the simple linear regression results of seeding rate and yield (data not shown) for each field (Fig. 5 and 6 ). Only 4 of the 22 sites (18%) had >50% of the quantile regression points fall outside the simple linear regression 95% confidence intervals. Three of the four non-conforming sites (Rock 1, Lafayette 2, and Richland 2) had similar patterns, with increased regression slopes in poor yielding areas and decreased slopes in high yielding portions of their respective fields when compared to simple linear regression. In the above three fields, higher yields per unit increase in seeding rate are realized in low yielding areas of the field compared to the average. Higher yielding portions of those fields see less of a benefit, or even a negative response, with the same increase in seeding rate. Dodge 2 was the final site in which the quantile regression results greatly differed from similar simple linear regression (data not shown) and had decreased regression slopes in low and high yielding areas and increased slopes in average yielding areas when compared to simple linear regression results. More than 36% of the sites had a negative slope for simple linear regression, showing a trend of decreasing yields with increased seeding rates. Quantile regression results were quite similar with 32% of the total sites exhibiting negative regression coefficients on over half of their respective regression data points.
CONCLUSIONS
Soil map unit was the most important predictor variable, regardless of year, for predicting soybean seed yields in the pooled data sets. The soil sampling factors P, K, organic matter, and pH were also important as well as elevation and soil available water supply. The final decision trees used for making soybean yield predictions on both pooled datasets were dominated by grouping the data almost exclusively on soil taxonomy differences. However, the importance of factors related to soil survey data drastically fell in importance when looking at each individual field. It appears the reduction in soil type variability between the pooled data sets and individual fields is a primary cause for this change. Elevation was clearly the most important predictor for each individual field on average, but its relationship to yield is not always consistent between fields. The primary soil sampling predictors such as soil pH, P, organic matter, and K were also important in both pooled datasets as well as individual fields which could lead to utilization of one or more of these factors for growers attempting to increase soybean yields. The quantile regression analyses showed little difference when compared to simple linear regression when comparing seeding rate and soybean yield across yield ranges. Of the 22 sites, three sites showed a clear pattern of poor yielding areas of the field benefitting from increased seeding rates. Those same sites also showed that increasing seeding rate in high yielding areas of the field did not have the same increase in yield as other portions of the field, and decreased yield in some cases. The overall lack of importance of seeding rate in characterizing soybean yield may have growers reassessing VRT due to increased seed and equipment costs. The more variable climate in 2013 allowed for more noticeable differences between predictors compared to the more average weather experienced in 2014. Where available, NCCPI v2.0 had very little correlation to soybean yield and should be used with caution as a predictor of soybean yield.
Regarding the best variables for predicting soybean yield, results from the pooled data were fairly consistent between the 2 yr and the same holds true for the individual field results from 2013 and 2014. However, it appears the scale of the data has an effect on soybean yield prediction due to the consistent differences in results between the pooled and individual data sets. The pooled results can be used for general recommendations; however, if the data is available for individual fields, more accurate results are likely. In short our results suggest that variable rate soybean populations are useful in certain fields or portions of fields but should not be bound by rigid guidelines or broad recommendations due to the varying nature of the results and various field environments. Often, soil factors such as pH, P, and K are more important soybean yield predictors and should be the main focus of growers. Once main predictors have been properly addressed and optimized, then seeding rate and other common data layers can be analyzed for their influence on soybean production. Random forest and quantile regression methods could be of great use in future field experiments where site-specific data are correlated and need to be analyzed differently than most small plot trials. Fig. 6 . Quantile regression slope coefficients from seeding yield vs. slope for all sites in 2014. Soybean yield quantiles are marked on the horizontal axes and the slope coefficients from seeding rate are on the vertical axes. Zero slope is marked by the solid horizontal line when present and the 95% confidence intervals for each quantile are the shaded portions of each graph.
